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Abstract: We examine vulnerability to poverty in Tajikistan during the global financial crisis, 
focusing on the roles played by international migration and remittances, using a formal, practical, 
and easily decomposable vulnerability measure. Our strategy is to estimate a Markov transition 
probability matrix with the aim of identifying the vulnerability of households to poverty. 
Importantly, by introducing the index of vulnerability as the weighted probability of a household 
falling into poverty over a given time horizon, we can use the estimated dynamics to assess the 
short, medium and long-run vulnerability. We find that during the “recession transition” almost 
all households were vulnerable to poverty while almost none were during the “recovery period”. 
Overall, urban households, more educated households and households receiving remittances 
from international labor migrants were less vulnerable to poverty. While households with a 
current or very recent migrant did not have a significantly lower measured vulnerability to 
poverty, those households receiving remittances from migrants had a lower vulnerability to 
poverty. Our findings stress that the international labor migration from Tajikistan may not be 
considered as a reliable means of welfare security for the households because external economic 
shocks and internal political decisions may negatively affect Russian economy and lead to a 
reduction of remittances flow to Tajikistan.  (207 words) 
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1   Introduction 

An effective poverty reduction policy is a relevant strategic goal for many developing 

economies. Scholars point out that in defining the appropriate economic policies it is essential 

not only to elaborate ex post poverty alleviation interventions but also to pay considerable 

attention to ex ante poverty prevention strategies. This understanding has led to emergence of the 

concept “vulnerability to poverty”, which is usually defined as the probability of a household 

falling into poverty in the future. Application of this concept has shifted the research focus of 

poverty studies to trying to define the social groups that face high poverty risks as well as the 

determinants of such risk exposure. In the economics literature we find an overall consensus 

regarding the importance of assessing poverty vulnerability in order to develop an effective anti-

poverty protection strategy and for improvement of risk-management policies. As a result, 

numerous studies conceptualizing and measuring households’ vulnerability to poverty (e.g., 

Zhang, Wan, 2009; Dutta et al., 2011; Celidoni, 2013) as well as applied research on risks of 

moving into poverty in different countries (e.g., Kruy et al., 2010; Angelillo, 2013; Cahyadi, 

Waibel, 2015) have proliferated in recent years. On the other hand, there is still no consensus 

with regard to the operationalization and measurement of vulnerability to poverty (see discussion 

on this in, e.g., Klasen, Waibel, 2013). In our study, we define vulnerability to poverty as the 

probability of falling below the poverty line in the future. 

We investigate vulnerability to poverty in Tajikistan during and after the global financial 

crisis of the late 2000’s using a vulnerability measure based on a Markov transition probability 

matrix.1 The measure utilizes panel data and allows study of the probability of moving into 

poverty in the short, medium, and long-run, of particular interest in a period of great economic 

stress.  

The research objective of this paper is twofold. Our first and primary task is to develop 

and describe the application of an innovative and natural measure of poverty vulnerability based 

on the Markov model which identifies every household as either poor (that is, living below the 

                                                 
1 Despite numerous studies on poverty in developing countries, the attempts to analyze vulnerability to 
poverty in Tajikistan are very scarce with a notable exception by Jha, Dang, and Tashrifov (2010) which 
studies the poverty profile of the Tajik population and the risks of households' entering into poverty using 
a household panel data for 2004 and 2005. 
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poverty line) or to some degree vulnerable to poverty. This index of vulnerability is a weighted 

probability of a household falling into poverty over a given time horizon. This measure also 

allows us to look across sub-populations in identifying vulnerable subgroups. The second, 

additional, objective of this paper is to analyze how different household characteristics affect the 

vulnerability to poverty in Tajikistan. The emphasis is placed on the role of international 

migration and remittances in securing households’ welfare and in reducing the risks of falling 

into poverty due to external economic shocks. 

Tajikistan may be considered as an especially well-suited case for studying the effect of 

migration and remittances on the households’ vulnerability to poverty because of the high 

incidence of international labor migration and large amount of remittances directed to the 

country from abroad. In 2012, Tajikistan was the world’s most remittance-dependent country: 

the inflow of remittances amounted to US$3.6 billion, or about 47.5% of the country’s GDP 

(World Bank, 2015). The global financial crisis and the consequent economic recession in the 

main destination country of Tajikistani migrants, Russia, resulted in a sharp decline in 

remittances, despite considerable increase in labor migration (Danzer, Ivaschenko, 2010). With 

the share of yearly consumption made affordable through remittances exceeding 35% in all 

welfare quintiles (Danzer et al., 2013a), we expect a shock of the size of the global financial 

crisis to have a large impact on Tajiki’s exposure to poverty. 

 In our analyses, we use a three-wave panel dataset that was constructed from the 2007 

and 2009 Tajikistan Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan 

Household Panel Survey (THPS).2 These surveys contain questions on migration, education, 

health, labor market, housing, remittances and social assistance, subjective poverty, food 

security, as well as household expenditures and income. The three panel waves permit analysis 

of two transitions. The first is from 2007 to 2009 which coincides with the impact that the global 

financial crisis had on Tajikistan. The second transition from 2009 to 2011 coincides with 

                                                 
2 The first two waves of the survey (TLSS 2007, 2009) were administered by the World Bank and 
UNICEF. The third wave of the panel (THPS 2011) was designed and implemented by the Institute for 
the East and Southeast European Studies (IOS-Regensburg) as a follow-up of the TLSS (Danzer et al. 
2013b). The same households were re-interviewed, with overlapping questions. 
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Tajikistan’s recovery from the global financial crisis. Thus, we are able to examine changes in 

poverty and vulnerability to poverty during a major recession and an economic expansion. 

The outline of the paper is as follows: Section 2 provides a discussion on the Tajikistan’s 

economy, poverty dynamics, and international labor migration trends as well as summarizes 

literature on the effect of the global financial crisis on economy and migration patterns in 

Tajikistan. Section 3 introduces the underlying Markovian model and the vulnerability measure 

used in this paper and points to its advantages over other popular vulnerability measures. In 

section 4 we describe our data and variables while section 5 discusses our estimation strategy. In 

section 6 we take up the results of our analyses using the panel data from Tajikistan. Finally, in 

section 7 we conclude and discuss the policy relevance of our results.  

2   Poverty, migration and remittances in Tajikistan 

Large income and wage differentials between Tajikistan and other former Soviet 

countries and a lack of employment opportunities in the country resulted in  significant 

emigration of Tajikistan’s working population during the 2000’s (Abdulloev et al., 2014). Labor 

migration from Tajikistan is characterized by several features. First, the massive emigration of 

the Tajik workforce has a seasonal and circular character. The median migration spell is about 7 

months (Danzer et al., 2013a) and only one fifth of migrants stay abroad for over one year 

(Marat, 2009).  Second, migrants predominantly work in low-skilled jobs in the construction 

sector, trade and services in the host country. Marat (2009) states that they occupy their own 

niche in the labor market and take jobs that are often not attractive to Russian citizens. Third, 

remittances play a crucial role: in 2011, 99% of the returned migrants brought money home, 

while among those still living abroad 78% remitted money (THPS 2011). According to the 

THPS 2011, most of remittances are used for consumption of food and basic necessities, house 

renovations and celebrations (such as weddings and other traditional ceremonies). An almost 

negligent percentage of remittances are used for investments into human capital or household 

enterprises or businesses (Danzer et al., 2013a). 
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In most cases migrants go to big urban centers in Russia,3 with over half of the migrants 

choosing Moscow as their destination. According to TLSS 2007, the majority of labor migrants 

are men (93.5%), are from rural areas (76.4% of all migrants), and have secondary education 

(64.36% with no university or other post-secondary school training). The share of households 

having no migrant (in the respective year) decreased from 85.2% in 2007 to 60.9% in 2011 

(Danzer et al., 2013a).  Over time, the socio-demographic characteristics of migrants have not 

changed much. From 2007 to 2011 the proportion of women among migrants slightly increased 

(up to 10.6%). The average age was 31.6 years for those migrants who returned home and 28.9 

years for those who were still living abroad at the time of survey in 2011. Between 2007 and 

2011 more families started to send labor migrants abroad, and there is an increase in the number 

of labor migrants per household. There is also an increase in the proportion of households 

receiving remittance income and an increase in the size of the remittances. 

  Interestingly, the migration flow from Tajikistan did not decline in the great recession 

period opened by the global financial crisis in 2008-2009. Danzer and Ivaschenko (2010) find 

that although financial gains from migration declined in 2009 (the year of steep economic 

recession in Russia), migrant households sent a larger number of household members abroad. 

This may be interpreted as a strategy for coping with poverty and improving or at least securing 

a certain expenditure level. At the same time, given the importance of interpersonal networks 

that help new Tajik emigrants establish themselves in Russia and find jobs, thus, reducing costs 

and risks of migration, the further extension of migration activities seems to be a natural 

consequence of the growing number of households with positive migration experience. Danzer 

and Ivaschenko (2010) find that reliance on personal contacts by Tajik emigrants leads to their 

clustering in major destinations (e.g., Moscow). The regional segregation of labor migrants 

points to a large dependency of households in Tajikistan on the economic situation in Russia. 

Reacting to the crisis, Russian authorities halved the number of migrants’ work permits 

by the end of 2008 from 4 million to 2 million (Ratha et al., 2009). This led, however, to a rise of 

illegal employment among migrants instead of decreasing their number. In 2008, it was 

estimated that around 60-65% of labor migrants from Central Asia working in Russia had no 
                                                 
3 In 2007, 95.3% of migrants chose Russia as a destination country (TLSS 2007), in 2011 over 98% of 
labor migrants went to Russia for work (THPS 2011). 
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legal status (UNDP, 2008). Being beyond the reach of legal regulations, illegally working 

migrants are facing higher risks of being ill-treated and not paid for their work. Data analysis 

reveals that among the migrants working illegally the share of those who remit money is  9% 

lower than among the migrants working legally (THPS 2011). 

Despite an economic slowdown in 2009 and 2010, Tajikistan, unlike many other post-

Soviet countries, experienced no severe recession. GDP growth amounted in these years to 3.8% 

and 6.5% respectively (World Bank, 2015). An internal crisis resulted in a moderate decline in 

industrial output in 2008-2009 (Tajikistan in Figures, 2010), while a fall in world market prices 

of major export commodities of Tajikistan, aluminum and cotton (IMF, 2016) caused additional 

tensions in the local labor market. At the end of 2008 and beginning of 2009, a large number of 

industrial enterprises in Tajikistan were closed, thus, stimulating unemployment growth (UNDP, 

2010). There are very few and considerably divergent estimations of the real unemployment in 

the country ranging between 9.5 and 35% (UNDP, 2010). It is often stated that the remarkably 

low figures presented by the official statistics (e.g., unemployment rate of 2.1% in 2009, 

according to Tajikistan in figures, 2010) do not correspond to the actual level of unemployment, 

because most of the unemployed do not register their status.  

Different sources indicate that during the global financial crisis almost a half of the 

population in Tajikistan was classified as poor. According to the World Bank (2015), poverty by 

the headcount ratio measured at the national poverty line was 47.2% in 2009. Similarly, 

according to the estimation of the International Monetary Fund, based on the cost of basic 

demands for overall consumption, 46.7% of the population was assessed as poor by the end of 

2009 (IMF, 2012). In general, a slow positive trend with respect to poverty reduction may be 

observed over the period between 2003 and 2009, which goes hand-in-hand with the extensive 

development of international labor migration practices.  

3   Vulnerability to Poverty: A Special Form of Downward Mobility  

A straight-forward statement of what constitutes vulnerability to poverty is that it is the 

probability today of being in poverty in the future.  Our measure contributes to ongoing research 

on how to capture poverty vulnerably. Recently, Celidoni and Procidano (2015) following up on 

Celidoni (2013) and Naudé et al. (2009) provided an excellent summary of the vulnerability 
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issues the literature has addressed and the measures that have been developed, as well as 

providing an analysis of how well these indexes achieve their goals. The different measures 

stress alternative elements of a generalized notion of vulnerability. Dutta et. al. (2011) for 

example, emphasizes the importance of current standard of living. For Celidoni (2015) 

vulnerability instead consists of three measures of exposure to poverty: its’ expected incidence, 

the expected poverty gap, and income volatility below the poverty line.  

Vulnerability can be naturally modelled from the perspective of the dynamics of income, 

which is typically studied as a Markov process. Drawing on the Markov analysis, we approach 

vulnerability to poverty as a particular form of downward mobility. In this sense it is related to 

recent work of Verma, Betti and Gagliardi (2015), who discuss longitudinal aspects of poverty, 

“defining poverty as a matter of degree, determined by the place of the individual in the income 

distribution.” This theme is also touched on by Gaiha, Imai, and Kang (2011), among others. 

Closest to our approach is Dang and Lanjouw (2014a) and Dang, Lanjouw, Luoto and McKenzie 

(2014b) who suggest three groups: poor, vulnerable and secure, and suggest ways of detecting 

the upper and lower bounds of the vulnerable. While their measure clearly distinguishes among 

three different types of vulnerability, the vulnerability measure introduced in this paper is better 

suited for studying the poverty dynamics, vulnerability to poverty when panel data is available.  

3.1   Modelling Household Expenditure as a Markov Process 

The dynamics of poverty in Tajikistan is studied in this paper using a first order discrete state 

Markov chain for household expenditure. The use of Markov-chain models to study income (and 

expenditure) dynamics has a long history with notable contributions by Champernowne (1953) 

and Shorrocks (1976). The original work by Champernowne (1953) and Prais (1955) looked at 

income and social mobility respectively using Markov models. In the 1970’s and 1980’s efforts 

in using Markov probability matrices to measure income mobility was furthered by the work of 

Shorrocks (1976, 1978a, 1978b) and by Geweke, Marshall and Zarkin (1986a, 1986b).4 Methods 

                                                 
4 See Gang, Landon-Lane and Yun (2004) for studying a directional mobility index. Co, Landon-Lane 
and Yun (2006) used Markov models to test for convergence of cross-sectional distributions, which can 
be applied to studying changes in inequality.  
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similar to the ones used in this paper have been used in Gang et al. (2002, 2009), Dimova et al. 

(2006), and Co et al. (2009). 

One of the most appealing aspects of using a Markov-chain to model household 

expenditure dynamics is the ability to investigate issues such as short and long-run movements 

into and out of poverty.5 The Markov assumption is a natural way of thinking about household 

expenditure dynamics while imposing only minimal theoretical structure. Before elaborating on 

how we investigate movements into and out of poverty we briefly discuss the first order discrete 

state Markov model. A fuller discussion of this model can be found in Geweke (2005).  

Let the expenditure distribution be divided into k expenditure classes. Once the 

expenditure classes are defined it is possible to model the dynamics of the (discrete) expenditure 

distribution. Let kt  be the proportion of the population households who have expenditures that 

fall into class k, kC , in period t. Another way to think of kt is as the probability a randomly 

chosen household’s expenditure falls in the range of expenditures that defines class kC . That is, 

 ( ).kt kPr h  C  (1) 

   Let 1( , , )t t Ct      be the (column) vector of probabilities for each of the expenditure 

classes at time t. Therefore the variable t  defines the “state” of the world at time t in terms of 

the (cross-sectional) expenditure distribution. The only structure that is imposed on t is the first 

order Markov assumption. This assumption implies that the state of the world today is only 

dependent on 1t   and not on its past history beyond the most recent time period. That is, 

 1 1( | , , ) ( | ) 2,3,t t t s t tP P s          , (2) 

                                                 
5 The Markov model allows us to investigate movements into poverty over multiple periods and also 
allows us to estimate and characterize the limiting income/expenditure distribution implied by the Markov 
model. 
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where (.)P  represents the conditional (cross-sectional) probability distribution of  . This first-

order Markov assumption was introduced in Champernowne (1953) and was further discussed in 

Shorrocks (1976).  

The first order assumption is made operational by defining the Markov transition matrix

P . Define the probability of transiting from class j  in period 1t   to class k  in period t to be 

1( | )t t jkP k j p      so that the Markov transition matrix, P , can be defined as 

1 1[ ] [ ]C C
j k jkjkp p  P . Then the first order discrete-state Markov chain model can be written as  

 1 .t t    P  (3) 

Information obtained from P  is not the only important information we can get from (3). 

We are also able to extract information about the dynamics of the cross-sectional distribution. 

Let the initial expenditure probability distribution be 0 . Then by (3) it follows that  

  

and  

 2
2 1 0 0 .        P PP P  

 Thus it is simple to show that  

 0
t

t   P . 

The m period  transition probability matrix is therefore given by mP . The invariant or limiting 

income distribution,  , is any distribution that satisfies 

     P , (4) 

and is equivalent to  

  

1 0 ,   P

0 .t
tlim    P
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The invariant distribution is unique if there is only one eigenvalue of P  with modulus one.6 

Thus we can characterize both the short-run dynamics, via the Markov transition matrix P , and 

the long-run dynamics of the expenditure distribution via the limiting cross-sectional distribution 

  . Note here that   is a non-linear function of P  as it is the left eigenvector of P  associated 

with the eigenvalue of P  equal to 1. We therefore need to estimate the parameters of the model 

given in (3) as well as estimate non-linear functions of those parameters.  

To estimate the parameters of (3) we employ Bayesian methods. One reason we do this is so 

that we can obtain exact finite sample distributions for various non-linear functions of P  that we 

are interested in. The functions of P  that we are interested in include the limiting cross-sectional 

distribution,   , implied by our estimate of P  and the measures of vulnerability developed 

below. While maximum likelihood estimates of P  are easy to obtain the estimates of these non-

linear functions of P  and more importantly the exact finite sample estimates of the standard 

errors of these estimates are difficult to compute. Bayesian methods, however, allow for us to 

easily compute the exact finite sample distributions for all non-linear functions of  that we are 

interested in. 

Let    1 1

M T

MT it i t
s

 
S  be the observed expenditure classes for each individual for each time 

period in our sample. Define the indicator variable itk   to be 1 if individual i , is in expenditure 

class k , in period t and 0 otherwise. That is,  1itk   only if its k . Then the information 

contained in MTS   can be summarized by the following two summary statistics: 0n , the number of 

individuals each category initially, and N  , the data transition matrix where 0 0
1

M

k i k
i

n 


   is the 

number of individuals in category k  in the initial period and the matrix [ ]jknN where 

                                                 
6 Implicitly we are assuming that the eigenvalues have been ordered from highest to lowest in terms of 
magnitude. As P  is row stochastic we know that the highest eigenvalue, in terms of magnitude, is 1. If 
the magnitude of the second eigenvalue is strictly less than 1 then we know that the invariant distribution 
is unique (Geweke, Marshall, and Zarkin, 1986b). 

P
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1
1 2

M T

jk it j itk
i t

n  
 

   is the number of observed transitions from category j  to category k  across 

all individuals and all time periods.   

Given these sufficient statistics, the likelihood function for this model is 

 0
0 0

1 1 1

( | , ) j jk

C C C
n n

MT j jk
j j k

p p 
  

 S P . (5) 

This likelihood function is the product of likelihood functions for multinomial random variables 

and so the maximum likelihood estimators take the form 

 

1

ˆ jk
jk C

jk
k

n
p

n





. (6) 

Each row of P is estimated independently of each other row of P  with the maximum likelihood 

estimate of the transition probability of moving from class j to class k being the number of 

individuals who moved from class j to class k as a proportion of the number of individuals in 

class j at the start of the period. Problems occur with this estimator when data is sparse. If the 

number of classes is large there is a chance that we do not observe any transitions between two 

classes, especially if the classes are far from each other. 7  

 This data sparsity problem is easily handled by an appropriate choice of a prior 

distribution in our Bayesian analysis. We choose a conjugate prior distribution for all the 

unknown parameters in the model and in doing so generate a posterior distribution that can be 

directly sampled. As noted earlier the likelihood function takes the form of a product of 

independent multinomial random variables. More precisely we propose independent conjugate 

priors for each row of P  and for 0 . Each row of P  and 0   has the same property, that is, each 

element is a probability and the sum of all elements is 1. This suggests that the appropriate form 

                                                 
7  In our application our classes are expenditure classes and in this case it is most improbable for 
households to move from the lowest expenditure class to the highest expenditure class in one period. Thus 
we expect to see a large number of zeros in the data transition matrix N .  
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of conjugate prior for 0  and for each row of P  is Dirichlet (multivariate Beta).8  A random 

vector, 1( , , )C    , is distributed with a Dirichlet distribution parameterized by vector   if  

 
1

0 1 and 1
C

j j
j

 


   , (7) 

and   has probability density function  

  1 11
1 ... Caa

Cp     . 

The mean for each j is equal to

1

j
j C

k
k

a

a







, and variance for each j is equal to 

1

(1 )
var( )

1

j j
j C

k
k

a

 








. This prior distribution is conjugate in the sense that we combined with the 

likelihood function the resulting posterior distribution is also a Dirichlet distribution.  

 In defining the prior distribution we assume independence between the prior for 0  and 

the prior for each row of P . Let the prior distribution for 0 be parameterized by the vector 

 0 01 0,..., Ca a a  and let each row, j, of P  be parameterized by the row vector  1,...,j j jCa a a  . 

Then the prior distribution for is 

     01 1 0 1
0 0 01 0~ ...    Ca a

Cp Di a  (8) 

and the prior distribution for the jth row of  is 

     1 1 1

1 1,..., ~ ... .j jCa a

j jC j j jCp p p Di a   
   (9) 

Putting these priors together we get the joint prior distribution for 0 and  as 

                                                 
8 See Bernado and Smith (1994, pages 134—135) for a complete description of the Dirichlet distribution. 

a

0

P

P
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   0 1 1

0 0 0
1 1 1

, | , j jk

C C C
a a

j jk
j j k

p a   

  

 P A  (10) 

where 
,

1, 1

C C

jk j k
a

 
   A . Combining the prior given in (10) with the likelihood given in (5) we get 

the posterior distribution 

   0 0 1 1

0 0 0
1 1 1

, | , , j j jk jk

C C C
a n a n

MT j jk
j j k

p a     

  

 P S A . (11) 

 The posterior distribution is the product of independent Dirichlet distributions 

parameterized by 0 0a n  and A N . Notice that any potential data sparsity problem, that is zero 

elements in 0n or N , can easily be handled through the choice of the prior. As long as the 

parameters 0a and N do not have any zero elements then the posterior will not suffer from the 

data sparsity problem typically faced by the maximum likelihood estimator.  Assuming a 

quadratic loss function the Bayes estimate for the parameters in 0  and are just the posterior 

means which are 

 
 

0 0
,0

0 0
1

ˆ ,j j
B j C

k k
k

a n

a n








 (12) 

and 

 
 ,

1

ˆ jk jk
B jk C

jl jll

a n
p

a n






, (13) 

respectively. 

 Note that the Bayes estimators are similar to the maximum likelihood estimators except 

for the contribution of the prior. However as the sample size increases (as T  ), the relative 

contribution of the prior diminishes and in the limit the Bayes estimators converge to the 

maximum likelihood estimators. 9 The Dirichlet prior has a notional sample interpretation which 

is useful for discussing the informational content of the prior relative to the sample. The prior 

                                                 
9 It should be noted here that as T increases the number of observed transitions increase. There is no need 
for the number of individuals or households to increase for this statement to be true.  

P
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given in (8) can be thought of as the likelihood of a notional sample with a total of  0
1

1
C

j
j

a


  

notional observations with  0 1ja   notional observations in category j. Obviously this only 

makes sense when 0 1ja  . The smaller are the number of notional observations the lower the 

informational content in the prior. The ratio of the size of the notional sample from the prior to 

the size of the sample from the data is a measure of the contribution of the prior information 

relative to the information from the data.  

 The same interpretation can be given to the individual priors for each row of P  given in 

(9). In this case the notional sample interpretation is that the prior is coming from a sample with 

 1
1

C

jkk
a


  total observations with  1jka   observed transitions from class j to class k.10  

Again the smaller the number of notional observations relative to the number of observed 

transitions from the sample the lesser the impact of the prior on the Bayes estimates.  

3.2   Measuring Vulnerability to Poverty 

We view all households above the poverty line as vulnerable to poverty in that all of these 

households have a non-zero probability of falling below the poverty line in some finite period. 

This is in contrast to some approaches that define a cutoff (e.g. twice the poverty line) and label 

all households below the cutoff as vulnerable and all households above the cutoff as not 

vulnerable.  

 Our approach to the measurement of vulnerability is to look at the “flows’ into and out of 

poverty over time. This also can be accomplished using the Markov transition matrix, P.  The 

Markov transition (probability) matrix is defined to be 

 jkp   P , (14) 

                                                 
10 It should be noted that setting 1jka  for all k yields a uniform prior for each parameter jk  but this 

prior would imply zero notional observations from the prior. 
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where 1jp  is the probability that a household that starts in class j in period 1t   falls into class 1 

(i.e. poverty) in period. Note that the threshold of the class 1 is the poverty line in this 

illustration. Using the Markov transition matrix to define a measure of vulnerability which is the 

weighted average of the probabilities of falling into poverty in one period from a class above 

poverty, 

  1 2 1 21 1 1
1 1

22 1 1

,
C

t Ct C
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 P   (15) 
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 is the proportion of individuals in class j out of all individuals above the 

poverty line in period t-1.  

This vulnerability measure (15) is the weighted probability of moving into poverty in one 

period. It is the instantaneous or short run measure of vulnerability for this population. Note that 

the numerator of (15) is just the contribution to 1t , the proportion of the population in poverty 

in period t , from those households that were above the poverty line in period 1t   but fell into 

poverty in period t . This vulnerability measure is unchanged no matter how we break up the 

cross sectional distribution above the poverty line. If we were to define only two classes; class 1 

being below the poverty line and class 2 being above the poverty line, then our measure of 

vulnerability to poverty,  1V P , would remain unchanged.  However we might want to divide 

the cross-sectional distribution above the poverty line into multiple classes to better characterize 

the relative dynamics of the system. Still our measure of vulnerability to poverty given in (15) 

would remain unchanged.  Therefore, the important determinant of this measure of vulnerability 

is the definition of the poverty line alone and not how many classes those above the poverty line 

are divided into.  

 Consider the following figure that depicts the part of the Markov transition matrix we are 

interested in. The probabilities that are used to construct the vulnerability index are shown in 

Figure 1 in bold. Our vulnerability measure just deals with this part of the transition probability  
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Figure 1: Measuring Vulnerability using the Markov Transition Probability Matrix 
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matrix.11 There are of course many ways to aggregate the information in the first column of the 

transition probability matrix but the measure given in (15) is the only one that is robust to the 

number and definition of classes above the poverty line.  

We can also introduce a measure of multi-period vulnerability. According to the Markov 

assumption 

 2
2 .t t t     PP P  (16) 

Let  

 2
2,[ ].jkpP  (17) 

Then 2P is also row stochastic and 2, jkp  is the probability that a household that is in class j  in 

period t moves to class k  in period 2t  . Thus a two period measure of vulnerability for this 

example would be  

   2 2,21 , 2, 12
2, 12

2, ,

.
Ct C t C

t jj
t C t

p p
V p

 


  


 

 P   (18) 

This measure is the weighted probability that a household will fall into poverty after two periods. 

Clearly such a measure can be defined for any period thus allowing us to measure short and 

long-run vulnerability.  

                                                 
11 Note that the probability transition matrix is row stochastic – that is, the rows sum to 1—but not 
column stochastic. In other words the sum of the probabilities in the first column does not necessarily 
sum to 1.  
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  We can thus define m -period measures of vulnerability. Suppose that there are C  

classes and that these classes are ordered so that classes 1, , pC C  are classes in which 

households (or individuals) are below the poverty line and classes 1, ,p C C C  are above the 

poverty line. Suppose further that the underlying Markov model has a Markov transition 

probability matrix equal to P . Then the m -period measure of vulnerability is defined as follows; 
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P   (19) 

where ,m jkp is the jm-th element of kP .  The k-period measure of vulnerability is the weighted 

probability that a household will fall into a class that is below the poverty line from a class above 

the poverty line within m  periods. This measure is non-negative and is only equal to 0 if all the 

probabilities of moving into poverty are 0.   

            The measure of vulnerability described above is an overall measure of falling back into 

poverty from an expenditure class above the poverty line. This measure is invariant to how 

expenditure above the poverty line is broken up. That is the value,  1V P , is the same no matter 

how you define the expenditure classifications as long as the definition of the poverty line is 

unchanged. However, the definition of the expenditure classifications above the poverty line is 

useful in determining the income levels at which the vulnerability to poverty for any one 

expenditure classification falls to low levels. Thus we can use the information from the first 

column of the transition probability matrix, P , to determine the  expenditure  levels at highest 

risk to returning to poverty in one period.  

 To summarize, vulnerability to poverty is defined as the probability today of being in 

poverty in the future.  We contribute to ongoing research on how to capture poverty vulnerability 

by developing an innovative and natural measure when panel data is available. Our measure is 

based on the classic literature on mobility utilizing Markov process, that is, vulnerability to 

poverty can be measured as a special case of downward mobility. Furthermore, by introducing an 
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m-period measure of vulnerability, we are able to look at short, medium and long-run 

vulnerability to poverty. 

4   Data and Variables 

As a database for the analyses conducted in this paper, we use a three-wave panel dataset that we 

created by merging the data from TLSS 2007, TLSS 2009 and the THPS 2011. The first two 

surveys were implemented to collect information on poverty and living conditions of individuals 

and households in Tajikistan12. Initially, 4860 households were interviewed13 on different topics 

including education, health, labor market and migration. In 2009, a random subsample of 1503 

households was drawn from the sample of the TLSS 2007. The selected households were re-

interviewed within the TLSS 2009 study. In 2011 it was possible to re-interview 1458 

households that participated in the two previous waves (Danzer et al. 2013b). Apparently, the 

panel attrition is very low, because only 45 households were found missing in the primary 

sampling units in 2011 compared to 2009. The low number of families that were not re-

interviewed in 2011 points to the fact that despite high rates of labor emigration from Tajikistan 

these moves are characterized by temporary, seasonal visits of the destination country rather than 

migration of the whole migrant’s family for a permanent residence. A balanced panel of 1257 

households (that reported values in each year for all variables of interest) allows us analysis of 

two transitions, a recession transition between 2007 and 2009, and a recovery transition between 

2009 and 2011. 

The data on monthly household expenditures are used to determine whether a household 

is below or above the poverty line. Calculated from the surveys, total expenditure for a 

household includes total payments for good and services consumed, the market value of goods 

and services consumed where payment was made in kind, the market value of assets consumed, 

and the value of savings (or asset accumulation). Monthly expenditures are in current prices 

(local currency) and are reported as a total for the household. According to the World Bank 

(2009) on poverty in Tajikistan in 2007, the per capita poverty line, based on expenditures, was 
                                                 
12 For a detailed description of the TLSS 2007 sampling procedure see the basic information document of 
the survey: http://microdata.worldbank.org/index.php/catalog/72/related_materials. 
13 Face-to-face interviews were conducted with the most knowledgeable household member (in most of 
cases with the head of household), who was able to provide the information about the selected household. 
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139 Somoni (40.71 USD). Using reported gross national expenditure indices for Tajikistan for 

2009 and 2011 the poverty line for 2009 was computed to be 169 Somoni (40.77 USD) and for 

2011 was computed to be 214 Somoni (46.43 USD).14 The variable of direct interest to us is then 

calculated as household expenditure per household member relative to the relevant poverty 

line.15 This is the variable that we use in the estimation of the Markov transition matrix below. In 

using expenditure and not income (which is also available in the sample) we are keeping with the 

standard approach in the development literature based partly on theory – income is more volatile 

than expenditure and so the latter is a better indicator of lifetime welfare (Deaton, 1997) – and 

partly on the practical matter that income is more difficult to measure than expenditure (see the 

classic discussion on this matter in Deaton, 1997). 

Table 1 reports summary statistics and descriptions for variables of interest in our sample. 

The period of our sample straddles the global financial crisis and the data on income and 

expenditures reflect this. Monthly expenditures fall from 2007 to 2009 and then greatly increase 

in 2011 as the economy bounces back. Consistent with our narrative we see an increasing 

number of households containing migrants. We also see an increase in the proportion of 

households receiving remittance income and we see an increase in the size of the remittances. 

The rest of the variables that we look at are demographic variables that we use to characterize the 

household. Roughly one-third of our households live in urban areas and the average age of the 

head of the household is approximately 50 years old. 16  An interesting feature is that the 

proportion of households with a female head increases from around 16% in 2007 to 24% in 

2011. This is consistent with the migrant data; Tajikistan saw an increase in workers leaving for 

better paying jobs outside of Tajikistan. In almost all cases the person leaving was the male and 

often he was the head of the household. Almost 80% of the households are native Tajik with 

Uzbek the next highest percentage (about 20%).   

                                                 
14  The gross national expenditure index is obtained from [last accessed 21 February 2015] 
http://www.indexmundi.com/facts/tajikistan/gross-national-expenditure-deflator. 
15 The difficulty of setting the poverty line properly is well debated in the literature (see Deaton, 1997, pp. 
141-144, among others).  
16 The head of household was defined by the household members, approached by the interviewer. In 
general, the head of household was the prime for responding the questions. However, if this person was 
not available, the most knowledgeable person was asked to reply. Because of the strong traditional gender 
norms typical for Tajikistan the definition of the head of household may be biased toward older male in a 
family. 
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We also look at education. There are four categories: less than secondary, secondary, 

post-secondary (vocational) and higher education. The highest attained level is reported for each 

head of household and the most frequently indicated level of education is secondary education. 

Between 42% and 44% of the household heads in the sample have some form of post-secondary 

education and this proportion is fairly stable.  
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Table 1: Summary Statistics and Variable Definitions 
 

Variable Description 2007 2009 2011 
Relative 
Expenditure 

Per person household expenditure 
relative to poverty line 

Mean: 1.88 
Std Dev: 1.95 

Mean: 1.58 
Std Dev: 1.41 

Mean: 3.30 
Std Dev: 4.90 

Expenditure Monthly household total 
expenditure (current prices; 
Somoni) 

Mean: 1632.73 
Std Dev: 1954.18 

Mean: 1601.51 
Std Dev: 1152.55 

Mean: 4459.04 
Std Dev: 5347.73 

Income Monthly household total income 
(current prices; Somoni) 

Mean: 489.30 
Std Dev: 795.18 

Mean: 847.59 
Std Dev: 1034.86 

Mean: 2504.22 
Std Dev: 5620.55 

Migrant Dummy variable =1 if household 
has a current migrant or a recently 
returned migrant 

Mean: 0.25 Mean: 0.35 Mean: 0.42 

Remittances Reported monthly remittances per 
household (Somoni) 

Prop. of 
households 
reporting 
remittances: 0.14 
 
Mean(overall): 
47.79 (282.77) 
 
Mean(excl. 0s) 
339.38 (686.4) 

Prop. of 
households 
reporting 
remittances: 0.12 
 
Mean(overall): 
140.09 (564.50) 
 
Mean(excl. 0s) 
1189.81 (1210.5) 

Prop. of 
households 
reporting 
remittances: 0.24 
 
Mean(overall): 
1556.75 (5631.5) 
 
Mean(excl. 0s) 
6522.78 (10036) 

Age Age of head of household Mean: 51.12 
Std Dev: 12.87 

Mean: 52.57 
Std Dev: 12.51 

Mean: 54.14 
Std Dev: 12.54 

Gender Gender of Head of Household. =1 if 
female 

Mean: 0.17 Mean: 0.16 Mean: 0.24 

Urban Location of Household. Dummy 
variable =1 if urban 

Mean: 0.34 Mean: 0.34 Mean: 0.34 

Education Highest education level of head of 
household.  
=1 < secondary 

=2 secondary 

=3 > secondary 

=4 higher 

 

Prop < secondary 
0.20 
Prop secondary 
0.37 
Prop > secondary 
0.23 
Prop higher 0.19 

 

Prop < secondary 
0.20 
Prop secondary 
0.36 
Prop > secondary 
0.25 
Prop higher 0.19 

 

Prop < secondary 
0.17 
Prop secondary 
0.42 
Prop > secondary 
0.22 
Prop higher 0.19 

Children Number of Children under age of 
15 in household 

Mean (overall): 
2.18 (1.71) 
Mean (exl. 0’s) 
2.73 (1.48) 
Prop. with 
Children 0.80 

Mean (overall): 
2.19 (1.69) 
Mean (exl. 0’s) 
2.70 (1.46) 
Prop. with 
Children 0.81 

Mean (overall): 
2.09 (1.77) 
Mean (exl. 0’s) 
2.70 (1.55) 
Prop. with 
Children 0.77 

Old Number of household members 65 
and over 

Mean (overall): 
0.29 (0.57) 
Mean (exl. 0’s) 
1.25 (0.46) 
Prop. with 65+ 
0.23 

Mean (overall): 
0.27 (0.55) 
Mean (exl. 0’s) 
1.24 (0.43) 
Prop. with 65+ 
0.22 

Mean (overall): 
0.28 (0.55) 
Mean (exl. 0’s) 
1.24 (0.43) 
Prop. with 65+ 
0.22 

Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 Tajikistan 
Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel Survey (THPS). 
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5   Estimating Vulnerability for Tajikistan  

We use Bayesian estimation methods to estimate the parameters of (3) as described above.17 The 

Markov model has two main parameters, the initial distribution 0  and the Markov transition 

matrix P . Before estimating the model we first need to define the expenditure classes. The 

definition of the expenditure classes should be done in such a way as to cover the expenditure 

distribution efficiently without having classes with no members. The researcher is free to define 

the expenditure class cutoffs above the poverty line as they see fit as the measure of vulnerability 

that we use is robust to the number of classes defined above the poverty line, as discussed above. 

For our analysis of Tajikistan we define eleven expenditure classes covering the 

expenditure distribution.  Since we are interested in poverty we define the first expenditure class 

to be those households for which per capita expenditures each month are less than the poverty 

line. The other expenditure classes breakup the expenditure distribution above the poverty line 

into judiciously fine expenditure categories. We follow a reasonably intuitive approach by 

defining the endpoint of each class as household expenditures per person relative to the poverty 

line. The exact definitions of the expenditure classes are reported in Table 2. Thus the first class 

includes all households who spend less than 139 Somoni per person per month. We then divide 

the range from the poverty line to twice the poverty line up into five classes. This range is the 

commonly accepted group of households that are considered to be at high risk. The rest of the 

distribution is divided into equally spaced classes with the highest class including every 

household who spend more than six times the poverty line per person in a one month period. 

                                                 
17 For a broad overview of the estimation method see Geweke (2005, p. 229). 
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Table 2: Expenditure Class Definitions (Relative to Poverty Line) 

Class Lower Bound Upper Bound 

1 0 1 

2 1 1.2 

3 1.2 1.4 

4 1.4 1.6 

5 1.6 1.8 

6 1.8 2 

7 2 3 

8 3 4 

9 4 5 

10 5 6 

11 6 100 

 

As we are using Bayesian methods we need to define priors for the two parameters of the 

model, 0  and P . We use naturally conjugate Dirichlet priors for 0  and for each row of P , 

reporting the parameters of these priors in Table 3. The priors defined in this way have a notional 

sample interpretation. That is, we can think of the prior probability distributions being data 

densities generated from a notional sample where the investigator gets to choose the sample size. 

In our case the prior for 0  is parameterized by 0a  where 0 1ia   can be interpreted as the 

number of observations in class i in the notional population. Thus the smaller is the notional 

sample size coming via the prior the more weight is given to the information contained in the 

observed data that is included in the posterior density. By choosing the prior specification as 

given in Table 3 we are thus placing very little prior information relative to the information 

contained in the data on the unknown parameters of the model.   

The prior for 0   and the prior for each row of P , shown in Table 3, is known as a 

symmetric Dirichlet distribution. The prior has the equivalent of 0.1 observations in the notional 

sample. That is, in the notional sample the income distribution is evenly distributed over the 
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different expenditure classes.18 The prior is diffuse (but still proper) and relatively uninformative 

and its main use is to solve the data sparsity problem inherent in estimating first order discrete 

state Markov processes like this using maximum likelihood methods. Using this prior there now 

non-zero observations – either notional observations or actual observations – in each class and 

each transition. In this application the prior’s main use is to solve the data sparsity issue rather 

than to impose any strong prior beliefs.19  

 
Table 3: Prior Parameters 

0a  

1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 

           

iA   

1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 

           

 

Using these priors and the data we employ the sampling procedure suggested in Geweke 

(2005) to make 10,000 independent and identically distributed draws from the posterior 

distribution. Thus we have a set of i.i.d. draws,   ( )
0

1
,

L
ll

l



P , from the joint posterior distribution 

 0 , | MTp  P S . We do so separately for the 2007 to 2009 transition and the 2009 and 2011 

transition. We do not pool the data as it is obvious from our separate results that the transition 

probability matrices are quite different. 

                                                 
18 Although equal prior weight is placed on each expenditure classification the prior is still a proper prior.  
19 Note that a uniform, but proper, prior over the parameters is when 0a  is set to a vector of ones and each 

row of A  is also set to a vector of ones. In such a prior all combinations of values for 0  and values for 

each row of P  are equally likely under the prior. However for this prior the data sparsity issue is not 
solved. Thus our prior is close to the uniform prior whilst still addressing the data sparsity issue.   
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Using our i.i.d. draws from the posterior distribution we can compute the posterior 

distribution of any well-behaved function of the underlying parameters of our model:  0 ,g  P . 

For example we are interested in computing the posterior distribution of  

    0 , mg V P P  (20) 

for 1,  2,  and 5.m   That is, we compute the posterior distribution of the vulnerability to poverty 

over one, two, and five year time spans under the assumption that the probability transition 

matrix does not change.  

6   Results 

Table 4 reports overall vulnerability measures for Tajikistan separately for the 2007 to 2009 

transition and for the 2009 to 2011 transition.20 The full results including estimates of the initial 

cross-sectional distribution, the Markov transition probability matrix and the limiting cross-

sectional distribution for each transition can be found in the Appendix. The vulnerability 

measures reported in Table 4 show the weighted probability of moving below the poverty line 

after 1 year, 2 years and 5 years respectively. For the 2007-2009 transition these probabilities are 

high at 31.4%, 34.8%, and 35.7% respectively. Table A1 in the Appendix reports the individual 

probabilities of moving below the poverty line for each expenditure class. The probabilities of 

moving below the poverty line are all above 20% except for the highest expenditure class. This 

class includes all households with a per person expenditure greater than six times the poverty 

line. The probability of moving below the poverty line is higher for the classes closer to the 

poverty line but it is clear that households with expenditures greater than twice the poverty line 

are at risk in this transition. 

                                                 
20 Given the significant differences between the two transitions – and the two estimated probability 
transition matrices – it does not make sense to pool the transitions together and report pooled estimates. 
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Table 4: Aggregate Poverty Vulnerability, Tajikistan 
(standard errors in parentheses) 

Sample  1V P   2V P   5V P  

 One period Two period Five period 
2007-09 0.314 

(0.015) 
0.348 

(0.014) 
0.357 

(0.015) 
2009-11 0.019 

(0.004) 
0.023 

(0.007) 
0.024 

(0.008) 
Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 
Tajikistan Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel 
Survey (THPS). 
 

 

Table 5: Tests for Differences in Vulnerability within Transitions 
Comparison Posterior Mean Posterior Std. Dev. 95% Highest 

Posterior Density 
Region 

Posterior 
Probability 

Difference 0  

   2 1V VP P  

(2007-2009) 

0.034 0.009 [0.016, 0.052] 0.9997 

   5 1V VP P  

(2007-2009) 

0.043 0.011 [0.021, 0.065] 1.0000 

   5 2V VP P  

(2007-2009) 

0.009 0.003 [0.003, 0.015] 1.0000 

   2 1V VP P  

(2009-2011) 

0.005 0.006 [-0.006, 0.016] 0.7954 

   5 1V VP P  

(2009-2011) 

0.006 0.006 [-0.005, 0.019] 0.8475 

   5 2V VP P  

(2009-2011) 

0.001 0.001 [-0.001, 0.004] 0.8850 

Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 
Tajikistan Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel 
Survey (THPS). 
 

Table 5 reports statistical tests for differences between the different period measures of 

vulnerability within each transition and Table 6 reports statistical tests for differences in 

measures in vulnerability across the two transitions.  

From Table 5 we see that the two year vulnerability measure is significantly higher than 

the one year vulnerability measure for the 2007—2009 transition with the mean difference being 
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0.034 – or 3.4 percentage points. The posterior probability that the two period vulnerability 

measure is greater than the one period vulnerability measure is 1. The five—period vulnerability 

measure is also higher than the one—period vulnerability measure but the additional probability 

of falling into poverty is 0.009 – or about 1 percentage point – compared to the two year 

vulnerability measure. Note that the multiple period vulnerability measures are calculated under 

the assumption that there is no structural break in the meantime. The results reported here 

suggest that most of the movement into poverty occurs quickly. Another way of saying this is 

that the cross-sectional distribution quickly converges to its limiting distribution. One way of 

measuring the speed of convergence for a Markov chain is the half—life or the speed at which 

the chain moves half way to the limiting distribution.  Shorrocks (1978b) defines the half—life 

of a Markov chain to be  

 
 

2

log 2

log
h




  (21) 

where 2 is the magnitude of the second largest eigenvalue of P .21  The posterior mean of the 

magnitude of the second largest eigenvalue for the estimated probability transition matrix for the 

2007—2009 transition is 0.187 so that the posterior mean value for the half-life is 0.413. That is, 

the chain is expected to move half way from the starting cross-sectional distribution to its 

limiting distribution in just under half a period. This is a very quick transition and explains why 

the multiple—period vulnerability measures are similar to the one—period measure.   

For the first transition, from 2007 to 2009, the results are as you would expect for a 

country suffering from the global financial crisis. The initial expenditure distribution is clumped 

at the lower end of the relative expenditure distribution with 32% of households being below the 

poverty line and a further 35% of households having a per person relative expenditure above the 

poverty line but less than twice the poverty line (see Table A1). The first transition leads to a 

limiting distribution that is shifted to the left of the initial distribution.22 Figure 2 depicts the 

                                                 
21 Recall that the largest eigenvalue of P  is 1 as P  is row stochastic.  
22  Recall that the limiting distribution is the distribution you would get after an infinite number of 
transitions under P . 
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initial and hypothetical limiting distribution with the expenditure classes between a relative 

expenditure of 1 and 2 aggregated together. 

Table 6: Tests for Differences in Vulnerability across Transitions 

Comparison Posterior Mean Posterior Std. 
Dev. 

95% Highest 
Posterior Density 

Region 

Posterior 
Probability 

Difference 0  

   1 1
0709 0911V VP P  0.296 0.016 [0.266, 0.327] 1.000 

   2 2
0709 0911V VP P  0.325 0.016 [0.294, 0.357] 1.000 

   5 5
0709 0911V VP P  0.333 0.017 [0.300, 0.366] 1.000 

Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 
Tajikistan Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel 
Survey (THPS). 
 

Figure 2: Cross-Sectional Relative Expenditure Distributions for 2007-2009 

Transition 
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Figure 3: Cross-Sectional Relative Expenditure Distributions for 2009-2011 

Transition 

 

 The next transition is from 2009-2011 and this was a transition where Tajikistan was 

recovering from the effects of the global economic crisis. This is evident in the results. The 

initial distribution for 2009 is similar to what we saw in 2007 with the largest proportions of 

households in the lowest few expenditure classes. The estimates for the initial distribution in 

2009 are reported in Table A2 (in the Appendix) and Figure 3. This recovery transition yields a 

vastly different limiting distribution as we see in Figure 3. The recovery period from 2009-2011 

is clearly a period of rising incomes and expenditures. These are relatively good times for 

Tajikistan and this is evident in the vulnerability measures as well. The vulnerability measures 

for a one year transition, two years and five years are 0.019, 0.023 and 0.024 respectively. The 

individual probabilities in Table A2 also show that there is no expenditure class with a 

probability of moving below the poverty line above 5%. Therefore in this transition very few 

households are at risk or vulnerable and certainly households whose initial expenditures are less 

0-1 1-2 2-3 3-4 4-5 5-6 6+
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

2009



30 
 

than twice the poverty line could not be considered especially vulnerable in this transition.  In the 

second transition (2009—2011) there are no statistical differences between the one—period and 

multiple—period vulnerability measures. They are all very close to 0. The magnitude of the 

second eigenvalue for this transition is 0.176, which again leads to a very fast convergence to the 

limiting distribution.  

 Table 7 reports the vulnerability measures for both transitions for different subgroups of 

the population. Since the 2007-2009 transition is a transition where there is significant 

vulnerability we will discuss that transition in more detail. In the 2009-2011 transition all 

subgroups have similar low vulnerabilities and for brevity are not discussed here. We first look at 

urban households. About a third of the population lives in urban areas and urban households are 

significantly less vulnerable than rural households. The vulnerability measures for urban 

households are approximately equal to 0.2 whilst the vulnerability measures for rural households 

are between 0.35 and 0.40. Rural households have about 17 percentage points higher probability 

of falling into poverty and this is significant at the 5 % level as the 95% highest posterior density 

region (HPD) does not include 0. This is clear evidence that rural households are more 

vulnerable to poverty compared to urban households in Tajikistan.23  

 Next we look at education. When we divide the population up by education we also get 

expected results. Assigning households with their highest educational attainment being greater 

than secondary school we see these households with vulnerability measures approximately equal 

to 0.25. That is, the probability of households with high educational attainment currently above 

the poverty line falling below the poverty line is 0.245. For households with low educational 

attainment the vulnerability measures range from 0.34 to 0.39. This is approximately 0.1 higher 

than for more educated households and the 95% HPD for each measure of vulnerability does not 

include 0.  

 

                                                 
23 These results are consistent with Jha, Dang, and Tashrifov (2010) who find vulnerability in Tajikistan is 
higher in rural than urban areas. They argue that urban households are better able to smooth their 
consumption than rural ones because of differential access to credit and insurance markets. 
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Table 7: Measures of Vulnerability to Poverty, Tajikistan: By Subgroup 
(standard errors in parentheses, 95% Highest posterior density regions in square brackets) 

 1V P   2V P   5V P  

Urban Households 
0.190 

(0.020) 
0.211 

(0.020) 
0.217 

(0.021) 
Rural Households 

0.351 
(0.019) 

0.388 
(0.018) 

0.396 
(0.019) 

Difference (Rural - Urban) 
0.161 

(0.027) 
[0.106, 0.214] 

0.177 
(0.027) 

[0.123, 0.230] 

0.179 
(0.028) 

[0.123, 0.235] 
   

Higher Education Households (More than secondary) 
0.245 

(0.019) 
0.254 

(0.018) 
0.259 

(0.019) 
Lower Education Households (Secondary or less) 

0.336 
(0.020) 

0.380 
(0.019) 

0.393 
(0.020) 

Difference (Lower Educ. – Higher Educ.) 
0.091 

(0.028) 
[0.035, 0.145] 

0.126 
(0.026) 

[0.075, 0.178] 

0.134 
(0.028) 

[0.081, 0.190] 
   

Households with Remittances 
0.204 

(0.029) 
0.201 

(0.026) 
0.204 

(0.026) 
Households without Remittances 

0.314 
(0.016) 

0.353 
(0.015) 

0.363 
(0.016) 

Difference (w/o Remittances – Remittances) 
0.110 

(0.033) 
[0.044, 0.176] 

0.152 
(0.030) 

[0.092, 0.210] 

0.160 
(0.031) 

[0.099, 0.220] 
   

Households with Migrants 
0.310 

(0.023) 
0.314 

(0.021) 
0.320 

(0.023) 
Households without Migrants  

0.284 
(0.018) 

0.322 
(0.017) 

0.334 
(0.018) 

Difference (w/o Migrants – Migrants) 
-0.027 
(0.029) 

[-0.085, 0.031] 

0.008 
(0.027) 

[-0.047, 0.061] 

0.014 
(0.029) 

[-0.044, 0.070] 

Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 
Tajikistan Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel 
Survey (THPS) 



32 
 

 The last sub-groups we looked at were related to international migration. We grouped 

households in two ways. First, we grouped households into those with current or past migrants 

versus those without any migrants. Second, we grouped households into those that received 

remittances and those that did not. The results suggest that households that had migrants had 

vulnerability measures ranging from 0.31 to 0.32, while households without migrants had 

vulnerability measures ranging from 0.28 to 0.33. The difference in vulnerability to poverty 

between households with a migrant and those without a migrant is not significant. On the other 

hand, the results show that households that receive remittances are less vulnerable than those that 

did not receive remittances. Households that did receive remittances had vulnerability measures 

of approximately 0.20 whilst the households that did not receive remittances had vulnerability 

measures ranging from 0.31 to 0.36. The difference in vulnerability ranges from eleven to 

sixteen percentage points and is significant at the 5% level given that all 95% HPD regions do 

not include 0. It should be noted that not every household that has a current or past migrant is 

currently receiving remittances. In fact of the households with current or past migrants in the 

2007 to 2009 transition only 35 percent received remittances during the previous 12 months.  

This may mean that having a migrant is therefore not enough to protect a household from 

poverty; the migrant needs to be sending back remittances in order for there to be a noticeable 

decrease in a household’s vulnerability to poverty.   

 In addition to studying overall vulnerability to poverty we can also use our method to 

examine at which incomes households are most vulnerable to poverty. As we noted in Section 3 

above, the overall measure of vulnerability is invariant to how we break up income above the 

poverty line. As an illustration of how we can use our method we report the posterior probability 

of an income class falling back into poverty for a much finer set of income classes than above. In 

fact we break income into equal length classification equal to 0.5 of the poverty line. The 

posterior probabilities are reported in Figure 4. In this figure the relative incomes above 1 (i.e. 

incomes above the poverty line) are broken into classifications of length 0.5. For all relative 

incomes less than 3 (i.e. all incomes less than 3 times the poverty line) the posterior probability 

of falling back into poverty is higher than 0.3. For all relative incomes greater than 5 the 

posterior probability of falling back into poverty is of the order of 0.1 or lower. For incomes 

between 3 times the poverty line and 5 times the poverty line the posterior probability is of the 

order of 0,2.  
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Figure 4: Posterior Probability of Falling back into Poverty by Income Class 

 

 Thus for the 2007 to 2009 transition incomes between the poverty line and 3 times the 

poverty line are the most vulnerable to falling back into poverty. Those households have 1 

chance in 3 of falling back into poverty. For those households whose income is more than 5 

times the poverty line the chance of falling back into poverty is less than 1 chance in 10.  

 This shows that our methodology is not only able to characterize the vulnerability to 

poverty in one easy to interpret number but also to decompose the measure by income class. This 

allows us to identify income classes that are particularly vulnerable to poverty.  
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7   Discussion and Conclusion 

Vulnerability is the situation where a household is above the poverty line but there is concern 

that it may fall into poverty. Vulnerability has to do with a household’s susceptibility to poverty 

– to what extent households are “at risk” of moving into poverty. This paper examines 

vulnerability to poverty in Tajikistan during the global financial crisis while devising an 

innovative and natural vulnerability measure as a special form of downward mobility relying on 

classic studies of mobility. This vulnerability measure is based on the notion that all households 

are potentially vulnerable to poverty, even wealthy households, but to different extents. 

We use a first order discrete state Markov model to model expenditure and poverty 

dynamics. The appeal of the Markov assumption is that it imposes very little in terms of structure 

on the model. This allows us to measure expenditure and poverty dynamics as functions of the 

underlying parameters of the Markov model. In particular, we are able to investigate movements 

up and down the income distribution. By discretizing the expenditure distribution appropriately – 

and by appropriately we mean in context to defined poverty lines – we are able to measure 

movements into and out of poverty. Using a measure of vulnerability to poverty as the weighted 

probability of a household falling into poverty over a given horizon enables us to look at short, 

medium and long-run vulnerability to poverty in a way that allows formal statistical testing. In 

addition, our approach to vulnerability measurement allows us to identify income/expenditure 

classes that are particularly vulnerable to poverty. This approach helps to better address the 

question on how to design a more nuanced and efficient social policy. 

 We use a household panel from Tajikistan that covers the years starting in 2007 and 

ending in 2011 which enables us to look at vulnerability in two distinct types of economic 

climates. The first transition from 2007 to 2009 was a period of recession in Russia, the major 

destination country of Tajik migrants, while the second period from 2009 to 2011 coincided with 

a brisk recovery from recession.  

During the recession transition almost all households were vulnerable to poverty while 

during the recovery period few households were vulnerable to poverty. Looking at the first 

transition in more detail we find separately lower vulnerability to poverty among urban and more 

educated households, and households receiving remittances from overseas. Interestingly, 

households with a current or very recently returned migrant did not have a significantly lower 
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measured vulnerability to poverty; only those households receiving remittances from migrants 

had a lower vulnerability to poverty. Furthermore, our analysis of vulnerability to poverty in 

Tajikistan suggests that most of the movement into poverty occurs very quickly. This implies 

that a long-term forward-looking poverty alleviation strategy is needed to prevent households 

from falling into poverty in times of economic insecurity. Specifically for Tajikistan, the strategy 

should encompass large investments into human capital and institutional reforms that would 

create favorable conditions for economic growth and would gradually reduce country’s 

dependence on external labor markets.    

Over time, international labor migration became a widespread livelihood strategy in 

Tajikistan. Household reliance on remittances made Tajikistan sensitive and vulnerable to global 

economic shocks, where economic returns from migration drop as soon as a crisis hits the 

destination country. In the current situation this means that the welfare of many households in 

Tajikistan is largely dependent on the economic situation in Russia. As a result, Tajik households 

need to be prepared for declining remittances following economic recession and in times of 

economic crises. Households that receive remittances from labor migration appear to be 

vulnerable to poverty in the period of economic recession in Russia. This means that remittances 

may not be considered as a reliable and forward-looking strategy of poverty prevention and 

reduction, because receipt of earnings from labor migration may reduce vulnerability of 

households to poverty only in times of favorable economic situation in the destination country. 

Various external economic shocks and internal political decisions in Russia may negatively 

affect Russian economy and lead to a reduction of remittances flow to Tajikistan, making 

remittance-dependent households highly vulnerable to poverty. 
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9   Appendix 
 

Table A1: Estimation Results for 2007-2009 Transition 

Initial Distribution: 2007  

0.324 0.077 0.077 0.076 0.076 0.05 0.174 0.073 0.036 0.011 0.026 

(0.013) (0.008) (0.007) (0.007) (0.007) (0.006) (0.011) (0.007) (0.005) (0.003) (0.004) 

Markov Transition Matrix: P  

0.418 0.133 0.086 0.088 0.057 0.036 0.135 0.029 0.007 0.007 0.005 

(0.024) (0.017) (0.014) (0.014) (0.011) (0.009) (0.017) (0.008) (0.004) (0.004) (0.003) 

0.368 0.083 0.102 0.056 0.056 0.074 0.157 0.038 0.029 0.01 0.028 

(0.047) (0.026) (0.029) (0.022) (0.022) (0.025) (0.035) (0.018) (0.016) (0.010) (0.016) 

0.380 0.168 0.149 0.047 0.065 0.029 0.047 0.075 0.019 0.01 0.01 

(0.047) (0.036) (0.034) (0.020) (0.024) (0.016) (0.020) (0.025) (0.013) (0.010) (0.010) 

0.308 0.114 0.066 0.085 0.085 0.067 0.132 0.066 0.029 0.01 0.038 

(0.044) (0.031) (0.024) (0.027) (0.027) (0.024) (0.033) (0.024) (0.016) (0.010) (0.018) 

0.352 0.066 0.047 0.085 0.102 0.038 0.195 0.047 0.019 0.019 0.029 

(0.046) (0.024) (0.020) (0.027) (0.029) (0.018) (0.038) (0.020) (0.013) (0.013) (0.016) 

0.258 0.109 0.136 0.069 0.056 0.109 0.123 0.042 0.056 0.015 0.028 

(0.051) (0.036) (0.039) (0.029) (0.027) (0.036) (0.038) (0.023) (0.027) (0.014) (0.019) 

0.358 0.082 0.091 0.096 0.052 0.048 0.177 0.057 0.022 0.005 0.013 

(0.032) (0.018) (0.019) (0.019) (0.015) (0.014) (0.025) (0.015) (0.010) (0.005) (0.008) 

0.204 0.079 0.069 0.088 0.088 0.069 0.176 0.108 0.02 0.03 0.069 

(0.039) (0.026) (0.025) (0.028) (0.028) (0.025) (0.037) (0.030) (0.014) (0.017) (0.025) 

0.212 0.089 0.107 0.16 0.089 0.072 0.159 0.019 0.019 0.037 0.037 

(0.053) (0.037) (0.040) (0.048) (0.038) (0.034) (0.047) (0.018) (0.018) (0.024) (0.025) 

0.204 0.084 0.123 0.083 0.044 0.084 0.084 0.044 0.084 0.044 0.123 

(0.079) (0.055) (0.063) (0.054) (0.040) (0.054) (0.054) (0.040) (0.055) (0.040) (0.064) 

0.184 0.07 0.138 0.07 0.07 0.071 0.206 0.048 0.07 0.025 0.048 

(0.058) (0.038) (0.052) (0.038) (0.038) (0.039) (0.060) (0.031) (0.038) (0.024) (0.032) 

Limiting Distribution:   

0.357 0.111 0.094 0.081 0.064 0.051 0.141 0.047 0.021 0.011 0.021 

(0.015) (0.009) (0.009) (0.007) (0.007) (0.006) (0.010) (0.006) (0.004) (0.003) (0.004) 
Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 Tajikistan 
Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel Survey (THPS). 
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Table A2: Estimation Results for 2009-2011 Transition 

Initial Distribution: 2009  

0.367 0.108 0.093 0.084 0.064 0.049 0.151 0.045 0.016 0.006 0.017 

(0.014) (0.009) (0.008) (0.008) (0.007) (0.006) (0.010) (0.006) (0.004) (0.002) (0.004) 

Markov Transition Matrix: P  

0.034 0.038 0.036 0.059 0.072 0.074 0.332 0.187 0.086 0.025 0.057 

(0.008) (0.009) (0.009) (0.011) (0.012) (0.012) (0.021) (0.018) (0.013) (0.007) (0.011) 

0.014 0.041 0.034 0.069 0.014 0.081 0.338 0.216 0.089 0.055 0.048 

(0.010) (0.016) (0.015) (0.021) (0.010) (0.022) (0.039) (0.034) (0.023) (0.019) (0.017) 

0.024 0.016 0.016 0.055 0.055 0.093 0.342 0.117 0.141 0.086 0.055 

(0.013) (0.011) (0.011) (0.020) (0.020) (0.025) (0.042) (0.028) (0.030) (0.024) (0.020) 

0.027 0.035 0.035 0.035 0.086 0.044 0.342 0.266 0.069 0.035 0.027 

(0.015) (0.017) (0.017) (0.017) (0.026) (0.019) (0.043) (0.040) (0.023) (0.017) (0.015) 

0.023 0.023 0.045 0.055 0.077 0.077 0.295 0.197 0.088 0.044 0.077 

(0.015) (0.016) (0.021) (0.024) (0.028) (0.028) (0.047) (0.042) (0.030) (0.021) (0.028) 

0.015 0.015 0.029 0.029 0.097 0.07 0.315 0.125 0.083 0.124 0.097 

(0.014) (0.014) (0.020) (0.020) (0.035) (0.030) (0.054) (0.038) (0.032) (0.039) (0.034) 

0.005 0.025 0.044 0.055 0.055 0.114 0.267 0.232 0.079 0.04 0.084 

(0.005) (0.011) (0.014) (0.016) (0.016) (0.022) (0.031) (0.029) (0.019) (0.014) (0.019) 

0.031 0.031 0.045 0.104 0.046 0.031 0.207 0.119 0.149 0.134 0.104 

(0.021) (0.021) (0.025) (0.037) (0.025) (0.021) (0.049) (0.039) (0.043) (0.041) (0.037) 

0.035 0.035 0.036 0.068 0.068 0.035 0.163 0.165 0.163 0.067 0.165 

(0.032) (0.032) (0.033) (0.044) (0.044) (0.033) (0.065) (0.066) (0.066) (0.044) (0.065) 

0.061 0.06 0.062 0.116 0.06 0.061 0.282 0.061 0.116 0.06 0.061 

(0.054) (0.054) (0.055) (0.074) (0.055) (0.055) (0.103) (0.055) (0.074) (0.055) (0.055) 

0.033 0.033 0.034 0.033 0.033 0.094 0.244 0.184 0.064 0.154 0.094 

(0.031) (0.031) (0.031) (0.031) (0.030) (0.050) (0.073) (0.067) (0.042) (0.062) (0.050) 

Limiting Distribution:   

0.024 0.031 0.041 0.065 0.059 0.072 0.261 0.174 0.105 0.079 0.089 

(0.008) (0.008) (0.009) (0.011) (0.010) (0.010) (0.018) (0.015) (0.015) (0.012) (0.013) 
Sources: Authors’ calculations using a balanced panel of households drawn from the 2007 and 2009 Tajikistan 
Living Standards Measurement Survey (TLSS) and the 2011 Tajikistan Household Panel Survey (THPS). 

 

 


